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Abstract
In this paper a pioneer method for evaluating the probability of occurrence of a
traffic accident in different segments of national road is described. The line segments
describing the road have been divided into sections and for each one of those sections
it is assumed that the probability of a traffic accident follows an inhomogeneous
Poisson distribution. The overall model is build up by using a spatial point process.
The Poisson parameter is estimated with the help of a spatial SUR method which
exploits the characteristics of national road as described by a specially designed
weight matrix. This methodology has been applied to data collected from the Greek
national road and has been analyzed in this perspective. Specifically the influence of
the presence of daylight has been examined.
Keywords: Spatial point process, spatial econometrics.
1. Introduction
In recent years traffic control and safety has become increasingly critical. This is true
for both urban traffic and national highway. Research is seeking the determinants of
traffic accidents, the methods of prediction and their consequences.
Maher and Summersgill (1996) propose a methodology for fitting of predictive
accident models. They relate traffic accidents and traffic volume. They review
previous accident studies of UK Transport Research Laboratory. The studies coveraccidents which occur at junctions of various types. They test and accept the
advantages of the use of Poison distribution in the context of the generalized linear
model. Finally they extend their analysis with the use of alternative distributios, such
as Negative Bionomial and quasi-Poisson.
Results of Mayer and Summersgill have been extended by Wood (2002). His study
focuses in the direction of goodness of fit testing. A related subject, the safety
modeling is also researched.
Finkelstein (1998) applied a stochastic point process model to describe accidents at
sea. He uses inhomogeneous Poisson process in the plane, and converts the results of
the one-dimensional case into a two dimensional spatial model with the proper
parameterization. He studies ship route, and estimates the possibility of accident in
that route. Then he estimates the point process which governs this specific route and
finally compares the derived point process of all the routes under consideration.
Thomas (1995), examines to what extend the length of road segment influences the
statistical description of traffic accidents. She concludes that individual accidents
follow the Poisson distribution. Moreover for small levels of aggregation, or in other
words for small segments of the highway, Poisson assumption should not be rejected.
In general as the level of aggregation is increased, the observed data tend to follow the
normal distribution. Large segments are considered those with length bigger than
2100 meters.
Diggle et al. (2005) propose an inhomogeneous Poisson point process methodology
for spatio-temporal surveillance telephone calls to clinical advice service of a disease.
They formulate a multiplicative model consisting of a spatial point process, governing
the site of the telephone call, a temporal point process governing the time of the call
and an unobserved process describing the severity of the disease incident. They found
that the use of point process is advantageous, especially in treating the unobserved
component of the model. They also propose an early warning system based on
differences between expected and observed calls.
Giuliano (1989) classifies traffic accidents by rate, type, and consequence on the road
system. This study focuses mainly on the consequences of accidents, and utilizes
duration models.
Svensson and Hyden (2006) investigate the severity of safety related behaviour. They
relate the severity hierarchy with road safety. They conclude that severity hierarchy of
road incidents describes differences in road user behaviour and predicts the
frequencies of the most severe events.
This paper focuses on the use of spatial econometrics analysis for detection of
dangerous sites in the national highway system and we evaluate the probability of
occurrence of an accident at a specific segment of the road given that the accident has
happened.
In the first section of the paper the spatial model process is described and the
assumptions followed are analyzed. Then the data collected is described, and the
results are illustrated. Finally the importance of the proposed method is given.2.  Model  specification
Statistically, traffic accidents are defined as a process which is indexed by the exact
location and the time (day or night) at which have occurred. The objective of the
analysis is to estimate the pattern of dangerous segments of the national road system
and the identification of changes of the level of danger during day and night time.
According to Cressie (1994) a spatial point process is a stochastic model governing
the location of events of interest  {si} in some set X. In our case, as event of interest is
considered the traffic accident and the set X is taken as a subset of R, because each
site-point of the national highway is represented by the points of R, which is the set of
real numbers. This description embodies the three important features pointed out by
Daley and Vere-Jones (2005):
(i) the number of traffic accidents  in each finite segment of the national
highway ( 1 , + i i km km ] of a specific kilometer length has a Poisson
distribution;
(ii) the number of traffic accidents  in disjoint segments are independent
random variables; and
(iii) distributions are either stationary or not: they specific to each one segment,
besides the fact that they depend on the lengths i i km km - +1  of the
segments.
Thus, the joint distributions are multivariate Poisson. So, the probability of occurrence
of a traffic accident in a segment of the national highway of any length, although in
the case of this paper the kilometer length for all segments is 1 kilometer, is given by:
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where N( 1 , + i i km km ] stands for variable for the number of traffic accidents in the
specific segment, kmi is the kilometer distance from the beginning of the road, KM is
the total length of the highway and Ȝ is the common Poisson distribution parameter,
for a traffic accident to occur at a specific point.
Intensity is defined as the density, which in our case is the average number of traffic
accidents per segment as the length of the segment tends to zero, coincides with the
common Poisson distribution parameter [Daley, Vere-Jones, page 20, (2005)] and is
given by:
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where N(kmi, kmi+1] is the number of traffic accidents within an infinitesimal region
of length kmi+1-kmi, that contains the site where a traffic accident may have occurred.
It should be noted that intensity Ȝ tends to a constant value.
The constant Ȝ can be interpreted as the mean rate, or mean density of the points in the
process. It also coincides with the intensity of the process as defined, following
Khinchin’s existence theorem [Daley and Vere-Jones (2005)]. Constant Ȝ also means
that traffic accidents are characterized by complete spatial randomness, or in other
words that all the segments of the highway are equally dangerous.The mean M(kmi,kmi+1] and variance V(kmi,kmi+1] of the number of traffic accidents
falling in the segment (kmi,kmi+1] are given by:
] , ( ) ( ] , ( 1 1 1 + + + = - = M i i i i i i km km V km km km km l (3)
Relation (3) is useful for the construction of a diagnostic test for the stationary-
homogeneous Poisson process. Thus according to (3) the ratios of means and
variances over a range of different segment lengths should be approximately equal,
for a stationary Poisson process and equal to the mean rate [Daley and Vere-Jones ,
page 20, (2005)], otherwise there is strong evidence of the existence of an
inhomogeneous Poisson process.
An alternative to homogeneous Poisson process, i.e. complete spatial randomness, is
the inhomogeneous Poisson process, which is also the generalization of Poisson point
process [Cressie, page 620, (1993)]. The intensity of an inhomogeneous Poisson
process is a function of spatial location. An inhomogeneous Poisson process has a
space-varying intensity ) (x l , with x indicating the location of the traffic accident. The
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That means that the Poisson parameter Ȝ is constant within each segment but differs
between segments, as is required by (2). Thus, the joint distributions are still Poisson,
and the independence property still holds.
The dangerous points are identified through a multiplicative decomposition of the
space and time intensity of traffic accidents point process, which includes separate
terms for spatial intensity estimated for day and night, and the overall probability of
the traffic accident occurrence. Hence the intensity of traffic accidents Poisson
distribution for the general inhomogeneous case is:
( ) (] Night Day j km km x P x i i accident j ji , , , , 1 = ˛ = + l l (5)
The overall probability of traffic accident is the ratio of the number of traffic
accidents to the total volume of traffic. It is considered irrelevant in our case study
and thus ignored, because it is assumed to be the same for all the segments. So, in our
model the parameter of special interest is the intensity of the Poisson distribution for
each segment of the highway, which in the case of an inhomogeneous process will be
different in each segment, while on the homogeneous case intensity parameter will be
the same for all segments.
The proposed model for space-time variation combines a linear model for the
observed data, alongside a model for the spatial effect representing the unobserved
impact of the prevailing road conditions in any specific road segment and its
neighboring segments as well.
The study of the data of the traffic accidents collected, which are presented in the
following section; show a strong difference between accidents which take place
during daytime and nighttime. Based on this fact a system of predicting the
probability of occurrence of an accident during day and night has been devised.In order to estimate Ȝji, a spatial SUR formulation has been used with a spatially
dependent error term. All the effects influencing the process have been taken into
consideration, and are either included in an explanatory proxy variable or in the
residuals [Shankar et al. (1997)]. The proxy variable includes the effects of the
geometrical and physical characteristics of the road while the other non-controllable
factors such as locally prevailing weather conditions, driving behavior, and traffic
volume are included in the residuals. The time has been divided into two periods, day
and night, and an equation of a spatial SUR model has been applied for each one of
them. Further due to the spatial nature of the data, the concept of spatial
autocorrelation is treated, in analogy with time series autocorrelation (Bartels 1979
pages 20-21), data has been also included into the model which is given in matrix
form by:
Day Day Day X e b b l + + = 12 111
Night Night Night X e b b l + + = 22 211
(6)
The error term in matrix form can be specified as
Day Day Day Day v W r + =e e
Night Night Night Night v W r + =e e
(7)
The vectors in equations (6) have 94 rows, describing the road segments of analysis.
The number of accidents occurred is described in the Ȝ vectors, which are the
dependent variables of the model. The independent variable X is the proxy variable,
while 1 is the vector of ones used for the estimation of the constant term. Further the
ȕij are the scalar coefficients of the regressions. In equation (7) the spatial dependence
structure of the error term is described with the help of the 94x94 contiguity matrix
W. This matrix describes algebraically the spatial structure of the national highway
i.e. defines the contiguous-neighboring segments by the Cartesian product of the
segment space. As spatially contiguous segments, are defined, those which are
successive. Each segment is not considered contiguous to itself. All segments have
two neighbors while the first and the last have just one. The elements of matrix W
which correspond to contiguous segments take the value of one while all the others
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In the model the contiguity matrix W is row standardized by dividing each element of
the contiguity matrix W by the row sum. That is based on the previous work done by
Tiefelsdorf (2000). Vector v is a normally distributed random variable with zero mean
and constant variance.This model description fulfills two purposes. The first is to incorporate into the model
the spatial impact on the intensity, while the second is to establish criteria which
identify whether the process governing the phenomenon is stationary or
inhomogeneous.
3. Data
The data have been collected by the Traffic Police Division on a 94 km segment of
the national road. This segment starts from Antirio, which is referred and as a
reference point in our study, and finishes at Agrinio. The road has one traffic line on
each side and there is no parapet in the middle of the road. Also in the first 20 km
there are straight parts of about 1 km, followed by dangerous turns. The data used in
the analysis concern the period 2001-2004, and the information provided include
place, time, and severity of the accident.
As it was expected by the condition of the road and can be seen in Figure 1, accidents
tend to occur in the first part of the segment.
Figure 1





























































































Source: Hellenic Police Headquarters, Traffic Police Division
Figure 2 shows that the number of accidents, at the same location, is higher during the
day comparing to the night, due to a different mean traffic volume and different
prevailing road conditions. Figure 2 depicts also the relation between the total number
of accidents and the severity of them. Traffic accident severity, according to the
literature [Svensson and Hyden (2006)], encapsulates differences in road physical
characteristics and predicts the frequencies of the most severe events.Figure 2



























































































































































































































































































































Source: Hellenic Police Headquarters, Traffic Police Division
4. Results
The model has been implemented in Gauss 5.0 and it is based on the CML library
(Constrained Maximum Likelihood Estimation library, Aptech Systems 2001). This
library is a set of procedures for the estimation of the parameters of models via the
maximum likelihood method with general constraints on the parameters, along with
an additional set of procedures for statistical inference.
The spatial SUR model has been applied and the results are illustrated in Table 1. It
should be noted, that all estimates are statistically significant. Especially, statistical
significance of the slope coefficient verifies the hypothesis of inhomogeneous Poisson
spatial process, due to the dependence of intensity to the physical characteristics of
the road. Moreover, the higher value of the estimated coefficient for the constant of
the day equation reflects the bigger traffic volume during the day.
Table 1
Maximum likelihood estimation results
Parameters Estimates  Std.  err. t
Day constant, ȕ11 0.8846 0.2600 3.4023
Day severity, ȕ12 1.7148 0.2175 7.8841
Night constant, ȕ21 0.4217 0.1178 3.5798
Night severity, ȕ22 0.8968 0.1163 7.7111
Day lamda, rDay -0.1723 0.0700 2.4614
Night lamda, rNight -0.2440 0.0657 3.7139
Log-likelihood -118.621Table 2 verifies the use of SUR because the cross equation covariances are
statistically significant.
Table 2
Inter equation Residual variance-covariance matrix of residuals
Variances, covariances Estimates  Std.  err. T
S11 (day equation) 4.1324 0.6022 6.8622
S12 (cross equation) 1.1796 0.2618 4.5057
S21 (cross equation) 1.1796 0.2618 4.5057
S22 (night equation) 0.7579 0.1362 5.5646
Figure 3 depicts the prediction results of the aforementioned SUR model. The first
part of the figure shows that the dangerous segments are more spread during the day.
Moreover by comparing both figures, it can be seen that the level of danger of specific
segments fluctuates less during the night. Finally, the dangerous spots during the night























































































































































































In this study a methodology for evaluating the probability of occurrence of a traffic
accident is proposed. The model is build up by using a spatial point process, where.
the Poisson parameter is estimated with the help of a spatial SUR model. The model
has been applied to data collected from the Greek national road, in order to predict the
dangerous spots during day and night. The model has successfully captured the
peculiarities of the road such as the existence of straight parts, followed by dangerous
turns.
In a future extension of the model, more factors affecting the dangerousness of the
road will be included and their effect on the results will be studied. Further the effect
of differently defined weight matrices W will be tested on the perspective of
incorporating the spatial effects more accurately. Finally this method will be applied
to predict the probability of occurrence of a traffic accident during seasons around the
year conditioned on day and night time.
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